INTRODUCTION
Modulation of chromatin structure plays an important role in regulating cell-type-and differentiation stage-specific gene expression programs in normal tissues and cancers (Brien et al., 2016; Jones et al., 2016) . Genome sequencing studies have demonstrated that epigenetic regulator genes, including transcription factor (TF), are among the most commonly mutated in human cancers (Lawrence et al., 2014; Plass et al., 2013) . These mutations represent good cancer-specific therapeutic targets, with likely low toxicity to heterologous cells. However, with the exception of oncogenic kinases and metabolic enzymes that produce gain-of-function phenotypes, the exploitation of most cancer-specific mutations for therapy remains a major challenge. Identifying the mechanisms of TF dependencies can lead to new targetable therapeutic approaches.
Perturbed epigenetic programs are particularly relevant in pediatric tumors, which generally carry few somatic mutations and are thought to initiate from stem/progenitor cells that failed to follow the normal differentiation path (Gröbner et al., 2018) . Rhabdoid tumors are exemplary because they contain only a single recurrent mutation in the SMARCB1 gene (Kim and Roberts, 2014) , while infantile ependymomas lack any significant somatic genetic initiating event and may entirely be a result of epigenetic dysregulation (Mack et al., 2014) . A significant fraction of neuroblastomas, the most common extracranial pediatric solid tumor, is driven largely by the amplified NMYC TF (Pugh et al., 2013; Sausen et al., 2013) .
Adult prostate and breast carcinomas, particularly triple-negative breast cancer (TNBC), also have relatively few recurrent genetic alterations, suggesting the importance of epigenetic drivers in these tumor types (Lawrence et al., 2014) . While most prostate tumors are strongly dependent on the androgen receptor AR, a ligand-dependent TF, the epigenetic drivers and transcriptional dependencies of TNBC remain poorly characterized.
High-throughput knockdown and knockout screens have been useful for the discovery of cellular dependencies and for identifying synthetic lethal and resistant mechanisms. Although various RNAi screens have generated functional dependency maps in large panels of cancer cell lines (Marcotte et al., 2016; McDonald et al., 2017; Tsherniak et al., 2017; Wang et al., 2015) , pediatric tumors and poorly differentiated adult cancers, including androgen-independent prostate cancer and TNBC, are generally underrepresented in these screens.
Here, we report the results of a lentiviral small hairpin RNA (shRNA) screen coupled with comprehensive molecular profiling to assess epigenetic and transcriptional dependencies in 59 cell lines representing 6 poorly differentiated cancer types.
RESULTS

Functional Genomic Screen Reveals Lineage Specificity
To determine whether poorly differentiated adult and pediatric cancers of different tissues of origin share common epigenetic and transcriptional dependencies, we performed a targeted pooled shRNA screen. We screened 59 cell lines (Table S1 ) using 2 shRNA libraries with 650 genes in each, designed to target genes encoding epigenetic regulators and TFs (Table  S2 ). To enhance specificity and sensitivity, we used libraries with a median of 20 shRNAs targeting each gene. We chose cell lines encompassing multiple cancer types, including pediatric leukemia (5), neuroblastoma (15), triple-negative (8) and human epidermal growth factor receptor 2-positive (HER2 + ) (5) breast cancer, androgen-independent prostate cancer (7), and colorectal (13) and rhabdoid (6) tumors. We prioritized cell lines not included in the Cancer Cell Lines Encyclopedia (CCLE) and not available through public repositories. Thus, almost none were included in prior RNAi screens. All breast cancer cell lines were hormone receptor-negative non-luminal cancers, 5 HER2-amplified and 8 TNBCs, with 3 of the lines derived from inflammatory breast cancer (IBC), a rare but lethal subset. Each cell line was individually optimized for efficient lentiviral infection and selection, then screened at an average depth of 1,000 cells per shRNA. We also obtained comprehensive molecular profiles, analyzing all cell lines for genetic alterations by exome sequencing (exome-seq), gene expression by RNA sequencing (RNA-seq), and epigenetic patterns by histone mass spectrometry and Illumina 450K DNA methylation arrays. Contrary to most prior highthroughput screens, we grew each cell line in optimal conditions, including optimized growth medium, seeding density, and time between passages, hence minimizing stresses that could introduce bottlenecks and bias the results ( Figure 1A ). Normalized sequencing counts of shRNAs after the screen compared to the input libraries were analyzed by ATARiS (Shao et al., 2013) and RSA (König et al., 2007) algorithms. We detected 26-87 significant dependencies in each cell line, for a total of 684 confident hits ( Figure 1B ; Table S2 ). Confirming the quality of the screen, top hits included several known cancer dependencies: AR, EED, and FOXA1 in prostate cancer lines; KRAS, BRAF, and CTNNB1 in colon cancer; CEBPB and NR3C1 in breast cancer; MYCN, PHOX2B, and ASCL2 in neuroblastoma; and SMARCC2 in rhabdoid tumors ( Figures 1C and S1 ). After excluding genes whose deficiencies were broadly lethal or previously described in the literature, we found 111 dependencies; slightly more than half of these were epigenetic regulators and the rest were TFs. For example, KDM6A encoding the H3K27 demethylase UTX was a significant hit in colon cancer and in some neuroblastomas, whereas ARID1A was a top prostate cancer-specific hit ( Figure S1 ). As expected, the number of hits was higher when more cell lines of a given tumor type were analyzed ( Figure 1D ).
Most hits occurred in >1 cancer type, and tumors with higher cell line representation tended to have more lineage-specific hits (Figure 2A ). Unsupervised clustering of cell lines using ATARiS scores of significant hits revealed overall alignment according to lineage, with neuroblastoma, prostate cancer, and leukemias forming the tightest clusters (Figures 2B and S2A) . To determine whether this clustering was due to lineage-specific expression of the significant hits, we analyzed associations between ATARiS scores and mRNA levels. mRNA levels of significant hits were generally higher than those of non-hits, implying that cellular dependencies reflect more abundant expression ( Figure 2C ), but within the same lineage, the mRNA levels of specific hits were not always higher than the background ( Figure 2D ). The mRNA levels of genes included in the screen also did not differ significantly among tumor types ( Figure 2E ). Analyzing similarities among cell lines based on the expression of all genes or genes included in the screen again yielded lineage-specific clusters (Figures 2F, S2B, and S2C) . Notably, breast cancer cell lines split into 2 groups based on both expression and ATARiS scores, one showing higher similarity to colon cancer cell lines, while another subset resembled rhabdoid tumors and neuroblastoma.
Epigenetic profiles were more variable among cell lines, with DNA methylation profilesbased correlation maps showing higher similarity to expression-based clusters than histone modification profiles . Neuroblastoma, breast cancer, and rhabdoid tumor lines showed especially tight clustering according to lineage and also displayed higher similarity to one another, largely driven by levels of H3K27me0 (unmethylated H3K27) and H3K36me1/2 peptides ( Figure S2F ), suggesting potentially common chromatin features. Despite the similarity in histone modification patterns, almost no epigenetic regulator was a shared hit in breast, rhabdoid, and neuroblastoma lines (Table  S2) . In contrast, a number of TFs, including GATA1, NEUROD1, YY1, and GLI2, were common dependencies in several lines of these 3 lineages. The limited number of common but not pan-essential hits among cell lines from different tumor types was generally true for the full screen, with very few genes giving hits in ≥3 lineages ( Figure 2H ). Finally, most hits did not correspond to mutated genes, as determined by exome-seq (data not shown). Thus, our data suggest that most identified cellular dependencies are driven by lineage-restricted gene expression, which is in agreement with findings from recent large-scale genome-wide shRNA screens (McDonald et al., 2017; Tsherniak et al., 2017) .
TRPS1 Is Required for Breast Cancer Cell Survival
The most significant hits in breast cancer cell lines included ADAR encoding for an RNAadenosine deaminase and regulator of the double-stranded RNA-sensing pathway (Pasquinelli, 2018) ; DCAF1, an E3 ubiquitin ligase (Romani and Cohen, 2012) ; and the TF gene TRPS1, which is implicated in the rare inherited tricho-rhino-phalangeal syndrome (TRPS) (Momeni et al., 2000) . TRPS1 showed the most breast-specific dependency and a requirement for viability in nearly every breast cancer cell line we tested ( Figure 3A ). Compared to other tissues, TRPS1 transcript levels are significantly higher in the normal breast (Figures 3B and S3A) and in breast cancer ( Figure S3B ), and TRPS1 expression correlated with ATARiS scores in individual breast cancer (R 2 = 0.44) but not in other cell lines (R 2 = 0.07). These observations imply that the specific TRPS1 dependency of breast cancer reflects lineage-restricted expression.
To investigate the consequences of TRPS1 depletion in breast cancer cells, we generated derivatives of the HCC3153 and SUM159 TNBC cell lines, which were highly (HCC3153) and mildly (SUM159) affected by TRPS1 knockdown in the shRNA screen. Using the tetracycline-inducible lentiviral knock out plasmid (pLKO-Tet-ON) system, we expressed doxycycline-inducible TRPS1-targeting shRNAs, and the resulting downregulation of TRPS1 led to rapid loss of viability in HCC3153 cells ( Figures 3C and S3C ), whereas SUM159 cells showed significant growth suppression with limited death ( Figure 3C ). In vivo xenograft assays using the same tetracycline (Tet)-inducible TRPS1 shRNAs demonstrated diminished tumor growth after TRPS1 knockdown in both cell lines, with nearly complete regression in HCC3153-derived tumors ( Figures 3D, 3E , S3D, and S3E). Histology of the residual tissue revealed reduced cellularity in both cell lines, with very few tumor cells left at HCC3153 injection sites ( Figure S3F ).
To investigate the mechanisms underlying this growth suppression, we analyzed cell-cycle profiles and apoptosis by flow cytometry for DNA content and annexin V, respectively, in HCC3153 cells at different times after inducing shTRPS1. The fraction of cells with 4N DNA content increased from 27% to 48% (p = 0.0005, chi-square test) by 4 days after shRNA induction, which is consistent with G2-M arrest ( Figure 3F ). Increased apoptosis was significant (p = 0.00005, chi-square test) after 6 days, with a mean 4-fold increase in annexin V + PI − cells ( Figure 3G ). Immunofluorescence analysis of mitotic cells labeled for phospho-histone H3 and tubulin revealed hyperaccumulation of pre-anaphase cells with severely disorganized mitotic spindles after TRPS1 downregulation ( Figures 3H and 3I ), a 10-fold decrease in the percentage of post-anaphase cells after TRPS1 depletion (0.8% relative to 9.4% in control). To further characterize this perturbed mitosis phenotype in more detail, we expressed red fluorescent protein (RFP)-tagged histone H2B in HCC3153 cells with TRPS1 shRNA and performed live-cell imaging of the cells 4 days after doxycycline treatment. We found a strong delay in M phase progression after TRPS1 depletion, with the average time from initiation of mitosis to mitotic exit increased by 8-fold (Figures 3J and  3K ; Video S1). The majority (80%) of these cells exited mitosis without chromosome separation after prolonged mitotic arrest. These results suggest that TRPS1 is essential for normal mitotic progression and is required for the proper organization of mitotic spindle in breast cancer cells.
TRPS1 as Both an Activator and a Repressor of Transcription in Breast Cancer
Because TRPS1 is a TF that may directly regulate genes required for G2-M progression and survival in breast cancer cells, we performed RNA-seq of HCC3153 and SUM159 cell lines 3, 4, and 5 days after inducing TRPS1 knockdown. We found 2,039 and 892 genes with a consistent change in expression at all 3 time points in HCC3153 and SUM159 cells, respectively ( Figure 4A ; Table S3 ). Although 349 affected genes were common to the 2 cell lines, implying a likely common regulatory basis, the lines also showed some differences in directionality and timing of expression changes. The number of genes increased in SUM159 cells was higher than the genes reduced at all 3 time points, and the numbers of differentially expressed genes were similar on successive days. In contrast, more genes were downregulated than upregulated in HCC3153 cells at days 3 and 4, and the numbers of differential genes increased over time. Pathway analysis of the commonly or uniquely differentially expressed genes in the 2 cell lines by Metacore (Nikolsky et al., 2009 ) correlated very well with the observed cellular phenotypes. Many of the top 10 pathways enriched in genes dependent on TRPS1 in both cell lines were associated with mitosis, microtubules, and cell-cycle G2-M regulation, while upregulated genes were enriched in transcription, G1-S regulation, and various stress and cellular survival pathways (Figures 4B, S4A, and S4B). In contrast, the top enriched pathways for genes uniquely (excluding common ones) differentially expressed in a cell-type-specific manner included apoptosis, hedgehog signaling, and blood vessel morphogenesis ( Figures S4C and S4D ).
To identify direct transcriptional targets of TRPS1, we performed chromatin immunoprecipitation sequencing (ChIP-seq) in HCC3153, SUM159, and MDA-IBC3 cells, which were selected based on endogenous TRPS1 levels. A subset of TRPS1 binding sites was shared among all 3 cell lines, but most peaks were unique, with the highest number observed in HCC3153 cells ( Figure 4C ; Table S4 ). The distribution of binding sites also varied among cell lines, with a higher fraction of TRPS1 peaks located in promoters and exons in MDA-IBC3 cells compared to HCC3153 and SUM159 cells, where distal sites and introns (putative enhancers) dominated the profile ( Figure S4E ). TRPS1 was initially described as a transcriptional repressor (Malik et al., 2001 ), but more recently it was also shown to activate certain genes via direct promoter binding (Fantauzzo and Christiano, 2012) . To determine whether TRPS1 localizes at transcriptionally active or repressed chromatin regions, we analyzed overlaps between TRPS1 peaks and H3K27ac and H3K27me3 histone marks, which characterize transcriptionally active and silenced regions, respectively (Justin et al., 2010) , in HCC3153 cells. TRPS1 binding did not overlap significantly with H3K27me3-enriched regions (promoters), while approximately one-third of TRPS1-bound chromatin was associated with H3K27ac marks ( Figures 4D and S4F ). To assess whether H3K27ac-overlapping and non-overlapping binding of TRPS1 was associated with changes in gene expression, we analyzed these sites with respect to gene expression changes after TRPS1 downregulation in HCC3153 cells. Binding and expression target analysis (BETA) (Wang et al., 2013) of TRPS1-unique and H3K27ac-overlapping peaks revealed that TRPS1 loss led to the upregulation of genes associated with TRPS1-unique peaks, whereas H3K27ac-overlapping sites were associated with both upregulated and downregulated genes ( Figure 4E ). Examples of TRPS1 peaks include WEE1, BCL2L1, and PTK2 ( Figure 4F ). Downregulation of TRPS1 also led to significantly increased H3K27ac signal, with more pronounced increases at TRPS1-unique than atTRPS1-H3K27ac-overlapping peaks (Figures 4G and S4G) . Metacore analysis of pathways significantly enriched among genes that are differentially expressed and TRPS1 bound gave results that are similar to the enrichments based on expression changes alone. Cytoskeleton, cell adhesion, and G2-M regulation were the top enriched pathways in downregulated genes, while apoptosis, epithelial-to-mesenchymal transition (EMT), and cell adhesion pathways dominated among upregulated genes ( Figure 4H ). Several key proteins involved in osteogenesis, including BMPs, osteoprotegerin, osteonectin, and parathyroid hormonerelated protein, are known TRPS1 targets in developing bone (Nishioka et al., 2008) and were upregulated after TRPS1 knockdown in HCC3153 breast cancer cells.
TRPS1, an atypical member of the GATA family (Malik et al., 2001) , also contains Cterminal zinc fingers related to the IKAROS-family dimerization domain (Momeni et al., 2000) . To explore the sequence specificity of TRPS1 binding, we performed de novo motif analysis of TRPS1-unique and H3K27ac-overlapping peaks. Although the motifs most enriched in both groups were for general TFs such as AP-1 proteins, GATA3, TEAD3/4, NF1, RUNX3, CEBPA/E, and FOXA1 were also among the top enriched motifs ( Figure  S4H ). While GATA3 and FOXA1 are expressed at very low levels in TNBC, several other members of these TF families (e.g., GATAD2B, FOXA2) have high levels in TNBCs. Because the DNA binding domains of different members of these TF families are nearly identical, the DNA sequences they recognize are also very similar, and the most well characterized ones show up as the most significant hits in motif analyses. These data suggest that TRPS1 may participate in different chromatin complexes and, depending on the complex composition, may affect transcription positively or negatively.
TRPS1 Interacts with the NuRD Repressor Complex
The mechanism by which TRPS1 represses transcription has not been characterized. TRPS1 was previously shown to bind CtBP via a PXDLS region in its C terminus (Perdomo and Crossley, 2002) . To characterize TRPS1-containing chromatin complexes in HCC3153 and MDA-IBC3 cells, we performed rapid immunoprecipitation mass spectrometry of endogenous proteins (RIME) (Mohammed et al., 2013) and identified 214 and 147 TRPS1-associated proteins, respectively, compared to immunoglobulin G (IgG) controls. Limiting the analysis to proteins with known roles in transcription and epigenetic regulation, we detected TRPS1 interactions with multiple components of the nucleosome remodeling deacetylase (NuRD) complex, including CHD4, MTA1-3, HDAC1/2, GATAD2B/A ( Figure  5A ). Pathway enrichment analysis of all TRPS1-associated proteins detected by RIME also identified Sin3 and NuRD as the top enriched pathway, followed by the HP1 heterochromatin and RE1-silencing TF corepressor (CoREST) complex, suggesting that TRPS1 is mainly associated with transcriptional repression ( Figure 5B ). Immunoblot analysis of TRPS1 immunoprecipitates for GATAD2A, GATAD2B, and HDAC2, and MTA2 validated the RIME data ( Figure S5A ).
To determine whether GATAD2A and GATAD2B overlap with TRPS1-occupied chromatin regions, we performed ChIP-seq experiments for these factors. We found that 72% of GATAD2A peaks and 38% of GATAD2B peaks overlap with TRPS1 binding sites (Figures 5C and S5B; Table S4 ). Motif analysis of overlapping peaks identified similarities to TEAD, RUNX, and CEBP binding sites ( Figure S5C ). We then integrated the TRPS1-unique and GATAD2A/B-overlapping peaks with gene expression changes after TRPS1 knockdown.
TRPS1 unique peaks again were associated with genes upregulated after TRPS1 loss, whereas TRPS1/GATAD2B-overlapping peaks were linked with both upregulated and downregulated genes ( Figure 5D ). Functional analysis of TRPS1-GATAD2B overlapping peaks associated with genes differentially expressed after TRPS1 knockdown revealed cell junction and cytoskeleton regulation among the top pathways enriched in both upregulated and downregulated genes, while bone remodeling and EMT-related genes were enriched only in the upregulated pathways and WNT and Hh signaling only in the downregulated pathways, respectively ( Figure 5E ). Examples of genes with TRPS1-GATAD2B-overlapping peaks include MYC and VIM ( Figure 5F ). To confirm that TRPS1 associates on the chromatin with the NuRD complex and not only with GATAD2A and GATAD2B, we also performed ChIP-seq for HDAC2 and MTA2 and found that essentially all 5 factors colocalize to the same genomic regions ( Figures S5D and S5E ). However, this nearly complete overlap of chromatin binding does not prove direct interaction of TRPS1 with any of these proteins. Delineating the details of TRPS1-NuRD complex interaction would require additional studies.
To further interrogate the functional relevance of the TRPS1 and GATAD2A/B interaction, we performed ChIP-seq experiments after depleting TRPS1. Loss of TRPS1 resulted in the almost complete dissociation of GATAD2B from the chromatin, with a 52-fold reduction (or 61-fold with fold change [FC] >10) in peak numbers, whereas GATAD2A peaks did not change significantly ( Figure 5G ). This dramatic loss in chromatin-bound GATAD2B was not due to the downregulation of GATAD2B itself, since its mRNA and protein levels were not significantly affected by shTRPS1 expression (data not shown; Figure S5F ). However, since TRPS1 knockdown perturbs mitosis and the majority of the cells are arrested in M phase, when most TFs dissociate from the chromatin, the observed loss of chromatin-bound GATAD2B could be the consequence of this.
Clinical Relevance of TRPS1 in TNBC
To assess the clinical relevance of TRPS1 in human cancer, we analyzed its mutation status and expression in all cancers and in breast cancer using cBioPortal. We found that TRPS1 is commonly amplified in prostate, breast, and ovarian carcinomas, in which up to 40% of the tumors have a TRPS1 copy number gain, while a significant fraction of gastric and lung adenocarcinomas have point mutations in the TRPS1 gene ( Figures S5G and S5H ). TRPS1 and GATAD2B are also commonly co-amplified (cBioPortal significant co-occurrence, p = 0.005) in breast tumors; 24% of cases with GATAD2B amplification also have TRPS1 amplification, while 16% of cases with TRPS1 amplification also have GATAD2B amplification.
We also analyzed the expression of genes associated with TRPS1-GATAD2B-overlapping peaks in human breast cancer cohorts. We computed single-sample gene set enrichment analysis (ssGSEA) scores for each patient based on 2 signatures of interest: (1) a cistrome featuring candidate targets of both TRPS1 and GATAD2B and (2) a gene signature that integrates ChIP-seq peaks with upregulated genes. Both signatures appeared to be more highly enriched in estrogen receptor-negative (ER − ) tumors (including HER2 + ) compared to ER + ( Figure S5I ; p << 0.0001 for both cases, Wilcoxon rank sum test), suggesting a higher level of TRPS1/GATAD2B-mediated expression of these target genes. To determine the prognostic value of these signatures, survival analysis was performed using Cox proportional hazards models adjusted for age, Nottingham prognostic index (NPI), and ER/HER2 status. We found that patients with medium and high ssGSEA scores had worse outcomes (hazard ratio [HR] = 1.18 [0.95-1.46] for medium and HR = 1.3 [1.04-162] for high patients, log rank p << 0.0001; Figure S5J ), suggesting that tumors with higher expression of TRPS1-GATAD2B targets have unfavorable biological properties. These data suggest a functionally and clinically relevant role for TRPS1 and the TRPS1-GATAD2B complex in breast tumorigenesis.
DISCUSSION
Based on an epigenome-targeted high-density shRNA screen of cell lines from 6 different tumor types, we identified a number of TFs and epigenetic regulators required for proliferation or survival of diverse cancer types. This study culminated in our identification and characterization of TRPS1 as a lineage-specific transcriptional repressor required for breast cancer cell survival and mitosis.
TRPS1 is a TF with classic GATA-type zinc fingers (Malik et al., 2001 ), but contrary to most GATA family members, TRPS1 is known to repress transcription, a function that requires its C-terminal IKAROS domain-containing CtBP binding sites (Malik et al., 2001; Perdomo and Crossley, 2002) . Heterozygous TRPS1 germline mutations are responsible for a rare hereditary autosomal dominant disorder, the TRPS, which is characterized by skeletal and facial abnormalities and sparse scalp hair (Momeni et al., 2000) . Phenotypic severity depends on the location of the mutation within TRPS1 (Maas et al., 2015) , with those in the GATA domain causing more severe disease, as confirmed in mice with genetic deletion of this domain (Malik et al., 2002) . These results suggest a critical role for the canonical GATA domain in TRPS1 function, potentially as a result of direct DNA binding.
Prior studies have hinted at roles for TRPS1 in tumorigenesis, including breast cancer, but the underlying mechanism is poorly defined. TRPS1 is overexpressed in breast tumors, as confirmed by immunohistochemistry (Radvanyi et al., 2005) . In line with these findings, our analyses of The Cancer Genome Atlas (TCGA) and Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) breast cancer cohorts revealed frequent amplifications and overexpression. Trps1 was also identified by a transposon mutagenesis screen in Pten mutant mice as a tumor suppressor gene that suppresses EMT (Rangel et al., 2016) . Our demonstration that TRPS1 genomic targets are upregulated after TRPS1 depletion and enriched for EMT-related genes are consistent with these findings. Characterization of Trps1 −/− mice has also shown a role in chondrocyte proliferation and differentiation, mediated in part by Runx2 (Napierala et al., 2008; Wuelling et al., 2013) . However, direct genomic targets of TRPS1 have remained poorly characterized and the mammary epithelium not examined in Trps1 −/− mice.
Our shRNA screen and follow-up validation provide firm evidence of TRPS1 transcriptional dependency in breast cancer owing to its lineage-specific expression. It is required for breast cancer cell growth in vitro and in vivo and a critical regulator of M phase progression, an unusual function for a TF because most TFs vacate chromatin during M phase. Our integrated RNA-seq and ChIP-seq profiling of multiple breast cancer cell lines reveal that TRPS1 suppresses EMT-related and osteogenic genes in breast cancer cells, while enhancing expression of genes involved in cell adhesion (e.g., P-, M-, R-cadherins), cytoskeleton organization (e.g., PTK2, RDX, TMOD2, FMN1), and G2-M progression (e.g., BUBR1); these observations provide a mechanistic explanation for the defects we observed reproducibly after TRPS1 knockdown. TRPS1-containing chromatin complexes, identified by RIME, and ChIP-seq for H3K27ac indicated that TRPS1 represses genes by recruiting the NuRD complex to chromatin, hence triggering histone deacetylation. Thus, TRPS1 may exert its function by the proper regulation of histone deacetylation that is required for normal mitotic progression and chromosome segregation (Cimini et al., 2003) . However, our data on enrichment of various TF motifs in TRPS1 peaks, coupled with RNA defects in knockdown cells, suggest that TRPS1 is also associated with transcriptional activation when complexed with other TFs such as TEAD, RUNX, and GATA family members. In line with our findings, a recent study identified TRPS1 as a repressor of YAP activity via interacting with the YAP-TEAD1 complex (Elster et al., 2018) , while another reported TRPS1 interaction with ER and repression of ER-dependent transcription in ER + breast cancer (Serandour et al., 2018) .
Based on our observations, we speculate that TRPS1 has a critical role in maintaining epithelial barrier function, tissue architecture, and mechano-transduction. It may in this regard control mammary epithelial duct branching, similar to its role in ureteric bud branching via regulating transforming growth factor-β (TGF-β) signaling (Gui et al., 2013) . Coordinated regulation of cell adhesion and mitosis are critical during epithelial growth, and abnormalities in these processes could lead to chromosome missegregation and tumorigenesis (Ragkousi and Gibson, 2014; Ramkumar and Baum, 2016) . Although further studies are required to test these hypotheses, our data highlight TRPS1 as a crucial TF in normal mammary epithelial cells and in breast cancer. Because toxicities resulting from TRPS1 interference in adults may be restricted to the mammary gland, targeting TRPS1 may be a feasible strategy for treating a sizable fraction of breast tumors. 
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Cell line characterization and shRNA screen-All cell lines used in this study, together with correspondent culture media, are listed in Table S1 . The identity of the cell lines was confirmed based on STR and exome-seq analyses. Cells were regularly tested for mycoplasma. Each cell line was tested for optimal plating density and puromycin sensitivity by plating at three different densities (1×10 5 to 4×10 5 cells/well in 6-well plates), culturing without and with 5 different concentrations of puromycin (0.25 to 4 μg/ml; InvivoGen, cat#ant-pr-1) for 72hrs, and tested by CellTiter-Glo assay (Promega, cat# G7573) as a readout to achieve over 95% selection efficacy. To ensure infection with only one shRNA/ cell, multiplicity of infection (MOI) was determined by transducing the cell lines with 12 different doses of reference lentivirus suspension (0 to 400 μl) containing the same vector backbone as a library vector, but expressing RFP (Red Fluorescent Protein), in the presence of 5 μg/ml polybrene (Millipore, cat# TR-1003-G). 72hrs after starting puromycin selection cells were analyzed by FACS and MOI yielding 50% RFP + cells was chosen for each cell line. For the shRNA screen all cell lines were transduced with lentiviral libraries at 1,000 cells/shRNA and cultured for 15 days after puromycin selection. For each split, cells were re-plated to ensure the same minimum representation of 1,000 cells/shRNA. After selection cells were harvested and genomic DNA was isolated using QIAamp DNA Blood Maxi kit (QIAGEN, cat# 51194). Library preparation and DNA sequencing was performed by Novartis Institutes for Biomedical Research as described (McDonald et al., 2017) .
shRNA libraries-Pooled shRNA libraries were designed by Novartis Institutes for Biomedical Research based on pRSI16 backbone from Cellecta (Cellecta, cat# SVSHU616-L). EpiGenome2.0 library (Cellecta, cat# 13K-hEPI2-GHNOVA) was directed at epigenetic regulators, while hTF1 library (Cellecta, cat# 13K-hTF-GH-NOVA) was targeting TFs highly expressed in human cancers based on the Cancer Cell Line Encyclopedia (Barretina et al., 2012) . Each library contained 13,000 shRNAs targeting 650 genes with 20 different shRNAs/gene. Plasmid pools were packaged into lentivirus by transfecting HEK293T cells (ATCC, cat# CRL-11268) using TransIT-293 transfection reagent (Mirus, cat# MIR2700) and Cellecta packaging mix (Cellecta, cat# CPCP-K2A) diluted in Opti-MEM (Life Technologies, cat#31985070). Virus was harvested 72hrs after transfection, aliquoted, and stored at −80°C until use.
Breast cancer cohort data and gene expression data-We obtained the genetic alteration data from the cBioPortal database (http://www.cbioportal.org), gene expression data for various cancer types from The Cancer Genome Atlas (TCGA) database (https:// gdac.broadinstitute.org/), and gene expression data in normal tissues from the GTEx Portal (https://gtexportal.org/home/).
METHOD DETAILS
Cell line derivatives and in vitro and in vivo growth assays-HCC3153 and SUM159 cell lines were transduced with Tet-pLKO-puro lentiviral vectors containing shRNAs against LacZ or TRPS1 transcripts, in the presence of 5 μg/ml polybrene and subsequently selected for 72hrs with puromycin. Viability of the cells expressing shTRPS1 was assessed using Celigo system (Nexcelom, Celigo Image Cytometer). Cells expressing doxycycline inducible shTRPS1 or shLacZ were plated in triplicates in 6-well plates and cultured at 37°C with 5% CO2. 24hrs after plating cells were treated with 100ng/ml doxycycline to induce shRNA expression. Culture medium was replaced every 48hrs with or without freshly prepared doxycycline. Cell viability was measured every 24hrs (SUM159) or 48hrs (HCC3153) beginning at 48hrs from the start of treatment. All xenograft experiments were performed following Dana-Farber Cancer Institute ACUC approved protocol #11-023. Mammary fat pads of 6-weeks-old female NOG (NOD.Cg-Prkdc scid II2rg tm1Sug /JicTac) mice (Taconic) were injected with 2×10 6 cells in 50% Matrigel (BD Biosciences, cat# 354234), 50% DMEM media (Corning, cat# 10-013-CV) in a total volume of 50 μl. shRNA expression was induced by switching the animals to doxycycline diet after all tumors reached palpable size. Tumor growth was monitored weekly (for HCC3153) or twice a week (for SUM159) with caliper measurements. At the end of the experiment mice were euthanized, tumors were collected, fixed overnight in 4% formalin, stored in 70% ethanol, followed by paraffin embedding, sectioning, and hematoxylin and eosin staining by the Pathology Core of the Brigham and Women's Hospital.
FACS analysis, immunofluorescent staining, and live cell imaging-For the cell cycle analysis cells expressing shTRPS1 and control cells were fixed with 70% ethanol for at least 24hrs at 4°C and then washed with ice-cold PBS. Cells were resuspended in 500μl of staining solution (0.1% Triton X-100, 200μg/ml RNase A, 20μg/ml propidium iodide; in PBS) and incubated for 30 min. at room temperature. For the apoptosis analysis cells were stained with annexin V and propidium iodide using Alexa Fluor 488 Annexin V/Dead Cell Apoptosis kit (Life Technologies) according to the manufacturer's protocol. Signal was acquired on a BD LSRFortessa cytometer (BD Biosciences) and analyzed using FlowJo software. Immunofluorescent staining was performed on cells grown on coverslips and fixed using 4% paraformaldehyde for 20 min. at room temperature. Cells were washed with PBS, permeabilized with 0.3% Triton X-100 in PBS for 3 min. and then blocked with 5% BSA in PBS for 30 min. Samples were incubated with a primary antibody for 45 min., washed with PBS, incubated with a secondary antibody for 45 min., washed with PBS and distilled water. Coverslips were mounted on glass slides and observed using a Nikon Ti-E inverted microscope (Nikon Instruments, Melville, NY) with a Yokogawa CSU-22 spinning disk confocal head with the Borealis modification. Laser excitation was with 488 nm and 561 nm lasers. Images were acquired using a X60 Plan Apo NA 1.4 oil objective with a CoolSnapHQ2 CCD camera (Photometrics). Acquisition parameters, shutters, filter positions and focus were controlled by Metamorph software (Molecular Devices).
Live-cell imaging was performed on HCC3153 cells expressing RFP-H2B cells that were plated onto glass-bottomed imaging μ-dishes (ibidi). Images were acquired from 5 z sections with a 2 μm step size using a X20 objective lens at 10 min intervals during 24 hr. All images were collected on a Nikon Ti inverted microscope equipped with a Yokogawa CSU-X1 spinning disk confocal head, Spectral Applied Precision LMM-5 with AOTF, a Hamamatsu ORCA ER cooled CCD camera and the Nikon Perfect Focus System. RFP was imaged using a 561nm laser for excitation and a 620/60 emission filter. An Okolab cage incubator was used to maintain samples at 37°C and 5% humidified CO2. Image acquisition was controlled with MetaMorph software (Molecular Devices). For the analysis of mitotic duration, time between mitotic cell rounding and mitotic exit, as judged by cell re-adhesion, was quantified. This is because the majority (~80%) of cells expressing TRPS1 shRNA exited mitosis without chromosome separation after prolonged mitotic arrest, thus making it impossible to define anaphase onset for mitotic duration. Bright field images were used to invariably determine mitotic cell rounding and re-adhesion.
ChIP-seq profiling-For each ChIP-seq, 5-8×10 6 cells were fixed by adding 1:10 volume of fixing buffer (11% paraformaldehyde (Electron Microscopy Sciences, cat# 15714), 0.1M NaCl, 1mM EDTA pH 8.0, 50mM HEPES pH 8.0) directly to the tissue culture medium. All ChIP-seq experiments were performed in duplicates. For histone modifications, fixation was performed for 10 min. at room temperature, while for TFs for 10 min. at 37°C. Fixing agent was quenched with 0.125M glycine for 5 min. and cells were washed twice with ice cold PBS, collected by centrifugation, and stored at −80°C. Cells were lysed in 1ml of cell lysis buffer (50mM HEPES pH 8.0, 140mM NaCl, 1mM EDTA pH 8.0, 10% glycerol, 0.5% NP-40, 0.25% Triton X-100) for 10 min. at 4°C, pelleted, and washed in 1ml of wash buffer (10mM Tris-HCl pH 8.0, 200mM NaCl, 1mM EDTA pH 8.0, 0.5mM EGTA) for 10 min. at 4°C. Pellets were resuspended in 1ml of sonication buffer (10mM Tris-HCl pH 7.4, 1mM EDTA pH 8.0, 0.1% SDS, 1% Triton X-100, 0.1% sodium deoxycholate, 0.25% sarkosyl, 1mM DTT, protease and phosphatase inhibitors (Thermo Fisher Scientific, cat# 1861279 and 78427)) and sonicated using a Covaris E220 sonicator. Debris was removed by centrifugation (5 min. at 10,000 g) and 970μl of the lysate was mixed with 30μl of 5M NaCl. Chromatin was then pre-cleared with 40μl of Dynabeads Protein G (Life Technologies, cat# 10003D) washed in 0.5% BSA in PBS for 1hrat 4°C. Magnetic beads were removed and cleared lysates were incubated with the antibody overnight at 4°C. Complexes were collected by incubation with 40μl of washed Dynabeads Protein G for 2hrs at 4°C, washed with low salt wash buffer (20mM Tris-HCl pH 8.0, 150mM NaCl, 2mM EDTA pH 8.0, 1% Triton X-100, 0.1% SDS), high salt wash buffer (20mM Tris-HCl pH 8.0, 500mM NaCl, 2mM EDTA pH 8.0, 1% Triton X-100, 0.1% SDS), LiCl wash buffer (10mM Tris-HCl pH 8.0, 250mM LiCl, 1mM EDTA pH 8.0, 1% NP40, 1% sodium deoxycholate), and twice with TE pH 8.0. DNA was eluted in 100μl of elution buffer (100mM NaHCO3, 1% SDS) and cross-link was reversed by incubating overnight at 65°C, followed by 30 min. treatment with RNase A at 37°C and 2hrs treatment with proteinase K at 55°C. DNA was purified with phenol-chloroform extraction and precipitated with isopropanol. Libraries were prepared using Rubicon ThruPLEX DNA-seq kit (Rubicon, cat# R400427) from 1ng DNA or 10ng of input DNA following manufacturer's protocol and sequenced on the Illumina NextSeq500 platform with 75bp single end reads at the Molecular Biology Core Facilities at the DanaFarber Cancer Institute.
Immunoblotting, co-immunoprecipitation (CoIP), and rapid immunoprecipitation mass spectrometry of endogenous proteins (RIME)-For immunoblotting, cell pellets were lysed in RIPA buffer for 30 min. on ice and sonicated in a cup sonicator (QSonica, cat# Q500). For CoIP, 5-8×10 6 cells were lysed in 1ml of cell lysis buffer (10mM HEPES pH 8.0, 1.5mM MgCl2, 10mM KCl, 0.5% NP-40, 0.5mM DTT, protease and phosphatase inhibitors) for 10 min. at 4°C with rotation, pelleted, resuspended in 350μl of nuclear lysis buffer (10mM HEPES pH 8.0, 1.5mM MgCl2, 420mM NaCl, 0.2mM EDTA pH 8.0, 0.5% NP-40, 25% glycerol, 0.5mM DTT, protease and phosphatase inhibitors), and incubated for 20 min. at 4°C with rotation. DNA was sheared by passing the solution through a 28G needle 10 times and debris was removed by centrifugation (10 min. at 13,000rpm). 1/10 of the supernatant volume was kept as an input and the rest was diluted 1:1 with dilution buffer (20mM Tris-HCl pH 8.0, 1.5mM MgCl2, 0.2mM EDTA pH 8.0, 0.5% NP-40), supplemented with MgCl2 and DNase I (final concentrations of 3mM and 20U/ml, respectively), and incubated 30 min. at 37°C. 50μl of Dynabeads Protein G washed twice in 1:1 solution of nuclear lysis and dilution buffers were added to the sample and incubated for 60 min at 4°C with rotation to pre-clear the lysates. Beads were removed with a magnet and the sample was incubated with the antibody of interest or IgG control overnight at 4°C. 50ml of washed beads were added and incubated for 2hrs at 4°C to precipitate the complexes and subsequently washed twice with 1ml of CoIP wash buffer (20mM Tris-HCl pH 8.0, 1.5mM MgCl2, 0.2mM EDTA pH 8.0, 0.15mM NaCI, 0.5% NP-40) and once with 1ml of LoTE. Proteins for immunoblotting and CoIP were resolved on 3%-8% polyacrylamide gels (Life Technologies, cat# EA03785BOX) and transferred to PVDF membranes (EMD Millipore, cat# IPVH00010). Membranes were blocked with 5% milk in 0.1% Tween20 in TBS (TBS-T) for 1hr at room temperature. Incubation with primary antibodies was performed overnight at 4°C in 2.5% milk TBS-T and with secondary antibodies for 1hr at room temperature in 2.5% milk TBS-T. Membranes were washed and then developed with Immobilon (EMD Millipore, cat# WBKLS0500) or Pierce ECL substrate (Thermo Fisher Scientific, cat# 32106). For RIME, 2×10 8 cells were fixed using the same fixing buffer as used for ChIP-seq experiments, but with time extended to 15 min. at room temperature, and then quenched with 0.125M glycine for 5 min. After two washes with ice cold PBS cells were collected, flash-frozen in liquid nitrogen, and submitted to Active Motif for RIME analysis.
Genomic profiling-For exome sequencing genomic DNA was isolated using QIAamp DNA Mini kit (QIAGEN, cat# 51304). Exome sequencing was performed by Personal Genome Diagnostics using their CancerXOME sequencing service. DNA methylation profiling was carried out on Infinium HumanMethylation450K BeadChip arrays (Illumina, discontinued) at the Harvard Medical School-Partners HealthCare Center for Genetics and Genomics. For RNA-seq, mRNA from exponentially growing cells was isolated using RNeasy Mini kit (QIAGEN, cat# 74106) according to the manufacturer's protocol. Libraries were prepared at the Center for Functional Cancer Epigenetics and sequenced on the Illumina NextSeq500 platform with 75bp single end reads at the Molecular Biology Core
Facilities at the Dana-Farber Cancer Institute. For histone mass spectrometry cells were collected by trypsinization and three aliquots of 2×10 6 cells were analyzed by Novartis Institutes for Biomedical Research as previously described (McDonald et al., 2017) .
QUANTIFICATION AND STATISTICAL ANALYSIS
Genomic data analyses-The genomic data for the pooled shRNA screen has been analyzed both the ATARiS (Shao et al., 2013) and the RSA (König et al., 2007) algorithms. The ATARiS scores of each gene are Z-score normalized across all the cell lines and any gene that is at least 2 standard deviations below the mean is considered to be significant for that cell line. The RSA Down scores of each cell line are Z-score normalized across all the genes and any gene that is at least 2 standard deviations below the mean is considered to be significant in that cell line. Lastly all the list of significant genes from both methods are combined (present as significant in at least one method) to have a complete list of significant screened genes in all cell lines.
The methylation status of the cell lines was obtained using the Infinium HumanMethylation450 BeadChip Kit from Illumina. The unnormalized probe-level betavalues (Du et al., 2010) of each sample were obtained from the raw data using the Illumina GenomeStudio software (GSGX v1.1.0). The normalization of the beta-values was performed using the R Bioconductor package lumi. The normalized M-value thus obtained were converted back to normalized beta-values using the following formula:
The normalized beta-values of each sample were then collapsed to promoters and enhancers of genes. Briefly, each probe is attempted to be assigned to either a promoter, enhancer, or gene-body of a gene using the annotation provided in the output of the GenomeStudio software mentioned above. The methylation status of the enhancer of a gene is determined by taking the average normalized beta-values of all the probes assigned to the enhancer of that. Depending on the position of the probes relative to the TSS of a gene, the probes are also assigned to either promoters (TSS200, TSS1500, 1stExon, and 5′UTR) or gene-body (Body, 3′UTR) of genes. Following that, single gene-level methylation values of each gene's promoter and gene-body are obtained using the average normalized beta-values as explained for enhancers. The gene-level enhancer, promoter, and gene-body methylation values of each sample have been used to determine the correlation between the samples and their tissue of origin (lineage).
ChIP-seq QC and preprocessing of the data was performed using ChiLin pipeline 2.0.0 (Qin et al., 2016) . Reads were mapped with Burrows-Wheeler Aligner tool (BWA) (Li and Durbin, 2009 ) and peaks called with Model-based Analysis of ChIP-Seq peak caller (MACS2) (Zhang et al., 2008) . Based on a dynamic Poisson distribution MACS2 can effectively capture local biases in the genome sequence, allowing for more sensitive and robust prediction of binding sites. Unique read for a position for peak calling is used to reduce false positive peaks, statically significant peaks are finally selected by calculated false discovery rate of reported peaks. Only the peaks that were present in all replicates were used for further analysis. Motif analysis was performed using the HOMER package. Deeptools (Ramírez et al., 2016) were used to create heatmap plots, using average signal of the replicates. BETA (Wang et al., 2013) was used for integration of the ChIP-seq of TFs or chromatin regulators with differential gene expression data to infer direct target genes. RNAseq read alignment, quality control, and data analysis were performed using VIPER (Cornwell et al., 2018) . RNA-seq reads were mapped using STAR (Dobin et al., 2013) . Read counts for each gene were generated by Cufflinks (Trapnell et al., 2010) . Differential expression was called by Deseq2 (Love et al., 2014) . For the Sample-Sample Correlation heatmap we used the expression matrix from Cufflinks (Trapnell et al., 2010) . All snoRNA and miRNA genes were first filtered out as were all genes that were only significantly expressed in 3 or fewer samples based on a FPKM threshold of 5. A custom R script was used to calculate the Pearson correlation between all the samples on a pairwise basis and to generate the heatmap.
Gene signature analysis-A gene signature corresponding to the 1451 genes coregulated by both TRPS1 and GATAD2B was determined by taking the intersection of all TRPS1 and GATAD2B peaks which lie within 10kb of a transcription start site ("all targets"). This signature was further refined to a set of 466 genes by intersecting it with the list of upregulated genes with BH adjusted p value less than 0.1 in HCC3153 shTRPS1 cells ("upregulated targets"). Each patient in the METABRICset (n = 1904) was assigned a "TSS" or a "upregulated" signature score using ssGSEA, single sample gene set enrichment analysis (Barbie et al., 2009 ). These scores were rescaled to a [0,1] range. Survival analysis was performed using Cox proportional hazards models taking into account age, Nottingham Prognostic Index and ER/HER2 status.
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